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INTRODUCTION
The cornerstones of health and wellbeing are physical activity, sleep, and healthy nutrition. The lack of or deficiency in any of these factors has serious consequences for health, for example, 35% of cardiovascular disease mortality is related to physical inactivity [1] . Sedentary lifestyles, especially time spent watching TV or sitting, have been associated with the risk of obesity and type II diabetes [2] . On the other hand, physical activity is efficient in preventing many health problems, such as high blood pressure and cholesterol, certain cancers, depression, anxiety, and even mortality [1] . Sleep, both insufficient and excessive, increases the risk of cardiovascular diseases, diabetes, mental problems, accidents, and all-cause mortality [3] , [4] .
The prevalence of poor lifestyles is increasing rapidly. About two thirds of Europeans are not sufficiently physically active [5] . One third of Finnish adults suffer from symptoms of insomnia, and the prevalence increases with age to more than 50% in the over 65-year-olds [6] . Lifestyle related health risks and diseases cause high costs to society, both as direct healthcare costs and indirect costs due to lost productivity and work ability, sickness absences, and early retirement. In the UK, the estimated annual costs of physical inactivity are between 3 and 12 billion euros [7] .
Health-enhancing physical activity is defined as "any form of physical activity that benefits health and functional capacity without undue harm or risk" [8] . Modern recommendations incorporate moderate intensity activity and everyday informal physical activity alongside formal exercise. The American College of Sports Medicine and the American Heart Association recommend 30 minutes of moderate intensity physical activity on at least five days a week; or 2-3 hours of formal exercise per week; or a combination of the two. Daily moderate intensity activity can be accumulated in 10-minute sessions [9] , [10] .
Due to the scale of the problem, the society does not have resources to provide interventions for and individually support people with sub-optimal health behavior. Thus, people need to take more responsibility for their own health and wellness. However, motivating people to work for their health is not easy in the modern, busy world with sedentary working life.
IST Vivago (IST International Security Technology, Helsinki, Finland) is a wrist-worn activity monitor, which has a movement sensor capable of measuring the muscle movements inside the wrist in addition to major hand and body movements [11] . A new model of IST Vivago, Personal Wellness Manager (PWM), has been developed, featuring improved measurement technology; a user interface and feedback in the wrist device; and a watch [12] . PWM measures continuous activity and gives feedback on sleep, physical activity, and energy expenditure. The PWM concept includes PC software for detailed analysis and long-term feedback. In this paper, we present the concept for personal wellness management based on PWM. The objective of this paper is to develop and test a method for estimating physical activity related measures with PWM.
II. PERSONAL WELLNESS MANAGER CONCEPT
The previous version of IST Vivago [11] is an intelligent social alarm system for the elderly, consisting of a wrist device with measurement sensors and an alarm button. Activity monitoring from the wrist enables detecting abnormal activity states and generating automatic alarms. Vivago activity signal has been found to provide information on circadian patterns, which differ between healthy and demented elderly people [13] , and correlate with changes in health status [14] . The activity measurement of Vivago is comparable to actigraphy in sleep/wake studies and suitable for long-term monitoring of sleep/wake patterns [15] . Vivago also provides information on the depth of sleep [16] .
The Personal Wellness Manager concept, based on a new model of IST Vivago, is designed to support the wellness management of working age people (Figure 1 ). PWM has improved measurement technology, which has enabled the development of new physical activity related features. The wrist device includes a watch and a user interface, which enables providing immediate feedback to the user. PWM monitors the activity of the user continuously and uses this information to analyze the activity patterns of the user. The device classifies activity into sleep, passivity, light activity, and health-enhancing activity and calculates the times spent in each activity state. PWM also estimates daily energy expenditure. Feedback on these parameters is displayed on the watch screen as simple graphs and parameters. These algorithms run in the PWM device. The device also stores up to four weeks worth of continuous activity data, which can be wirelessly transferred to a PC using a USB (Universal Serial Bus) radio frequency interface. PC analysis software enables detailed analysis of the data, richer feedback, and long-term follow-up of activity parameters.
Wrist is an unobtrusive location for measurement and can be used for long-term monitoring, even up to years. PWM monitors two of the three important factors of health, physical activity and sleep, providing a more comprehensive view on the health-related behavior of the user. As the device contains a watch, it has also other important functionality for the user in addition to wellness management, increasing the motivation to wear it continuously. Feedback on the device's screen helps the user to assess his/her behavior by providing clear feedback, e.g., daily duration of sleep or health-enhancing activities, which can be directly compared to recommendations. The device also acts as a constant reminder of wellness management, and may motivate the user to take better care of him/herself. This concept may be used independently by a citizen in his/her personal health management or as a part of a health promotion intervention.
III. PHYSICAL ACTIVITY FEATURES

A. Materials and Methods
Twenty volunteer subjects (10/10 men/women) participated in laboratory measurements at KIHU Research Institute for Olympic Sports, Jyväskylä, Finland. The inclusion criteria were: age between 18 to 40 years at the time of measurement and body mass index (BMI) between 18.5 and 30.0 kg/m 4; 3-7) a. Self-rated physical activity level, scale 0-7 [17] The duration of each measurement was about one hour and the protocol consisted of twenty-seven tasks including rest, light and moderate intensity everyday activities, and light to strenuous exercises (Table II) .
True energy expenditure was measured by a portable indirect calorimeter, Oxycon Mobile (Jaeger, Hoechberg, Germany). Wrist activity was measured from the non-dominant wrist by a PWM. Beat-to-beat heart rate was measured by Suunto t6 heart rate monitor (Suunto, Vantaa, Finland) and Alive Heart Monitor (Alive Technologies Pty, Ltd., Arundel, Queensland, Australia). A measurement log of the true start and end times of each task was kept.
The measurement log was used to synchronize data from different devices and segment them into tasks. In order to obtain reliable steady-state data from each task, samples from the beginnings and ends of tasks were removed. The amount of data removed was determined by visual inspection and ranged from 10 to 60 seconds in the beginnings and 5 to 20 seconds in the ends of the tasks. Furthermore, tasks that were preceded by high physical load were removed, because there were no pauses between the tasks and thus some of the energy expenditure of strenuous tasks was summed to the following low intensity tasks by the reference method (indirect calorimeter). The removed tasks were: 16, 18, 20, 21, and 27. The average total duration of the data selected for analysis was 34.9 min (SD: 0.589, range: 33.4-35.7 min). The analysis was performed in segments of 30 seconds. Heart rate based estimates of energy expenditure were determined from beat-tobeat heart rate data using Firstbeat Pro software (version 1.4.1.5, Firstbeat Technologies Ltd., Jyväskylä, Finland) [18] .
A model to classify the activities into passivity, light and high activity was developed. The reference classes are presented in Table II . A model for estimating energy expenditure was developed. Classification and energy expenditure estimation were tested using leave-one-out cross validation.
B. Results
The classification accuracy for the three classes, averaged over all subjects, was 85.4% (SD: 6.3, range: 71.8-94.4%).
The mean absolute error of PWM based estimate of total energy expenditure was 8.7% and of the heart rate based estimate 20.1% (Table III) .
The correlation between the true energy expenditure, measured with indirect calorimeter, and the PWM estimate was 0.75 (SD: 0.13, range: 0.30-0.88). The correlation between the true expenditure and the heart rate based estimate was 0.93 (SD: 0.08, range: 0.60-0.98). Fig. 2 presents the measured energy expenditure and the estimates based on PWM data and heart rate in different tasks as kilocalories per minute, averaged over all subjects. The PWM method was the most accurate in estimating task 2 (rest lying down), 13 (vacuuming), 17 (walking up stairs), and 22 and 23 (walking on a treadmill at 5 and 6 km/h). The method overestimated energy expenditure in most resting tasks, tasks 8 (reading sitting), 9 (typing on a computer), 10 and 11 (walking with and without a burden), and 12 (moving objects sitting). Energy expenditure was underestimated in tasks 14 (moving objects walking), 15 (bicycle ergometer), 19 (walking up stairs with a burden), and 24 to 26 (walking and running on a treadmill at 7 and 8 km/h). The heart rate based method was the most accurate in tasks 12 (moving objects sitting), 17 (walking up the stairs), and 25 and 26 (running on a treadmill at 7 and 8 km/h). The method slightly overestimated some of the tasks in the beginning of the measurement (tasks 1, 3, 4, and 6-9) and underestimated energy expenditure in the rest of the tasks.
IV. DISCUSSION
The new PWM concept offers a comprehensive view on 24-hour activity, including quantification of both healthenhancing activity and sedentary activities, and sleep. The sleep detection accuracy has been earlier reported to be similar to actigraphy [15] . In this study, we focused on activity classification and energy estimation performance.
The activities were classified in PWM as passivity, light activity, and high activity. The classification performance of the method was 85.4%, which is good considering that only wrist activity measures were used for classifying the activities. Since the classification was done in segments of 30 seconds, the method was sensitive to short term changes in the signal. In the real PWM implementation, activity is classified as healthenhancing only after ten minutes of continuous high activity has been detected, which is consistent with physical activity recommendations [9] . Estimation of energy expenditure from PWM activity data produced reasonably accurate results, although the errors differed rather much between subjects, ranging from 1.2 to 32%. The performance of PWM also varied between tasks. The most accurately estimated tasks were typical everyday tasks, such as walking, vacuuming, and walking up stairs. Energy expenditure was overestimated the most when hands were moving and true energy expenditure was low, e.g., when reading a paper and typing on a computer. The largest underestimations occurred in tasks where true energy expenditure and activity level were high and also when hand movements were absent or limited, e.g., bicycle ergometer and carrying a burden. These results highlight the challenges of wrist based measurement. The heart rate based estimate is less sensitive to movements, and was more accurate in many tasks, especially in high intensity activities.
Our results on estimating energy expenditure with PWM are well in line with the results of previous studies, although most previous studies concerning activity based energy expenditure estimation have used uni-or triaxial accelerometers attached at lower back, upper or lower leg, or upper or lower arm. Lower back attachment is near the centre of mass of the body, and has been found the most accurate in energy expenditure estimation [19] . The activity based estimates have been the most accurate in walking tasks and have overestimated low intensity activities and underestimated high intensity activities [19] - [21] . In a study by Bouten et al. [20] , a triaxial accelerometer at lower back yielded a 7.5% overestimation of total energy expenditure in a 36-hour measurement in a respiration chamber, with a set of tasks similar to ours. The wrist attachment has yielded accurate results in walking tasks [19] , but poorer results have been achieved when the task set has included also everyday activities. Eston et al. [21] found that 44.2% of energy expenditure variation was explained by wrist pedometry. In a study by Swartz et al. [22] the result was only 3.3% for the wrist site. Crouter et al. [23] used a waist-worn accelerometer to classify different types of activities and estimated energy expenditure separately for each class. They obtained a correlation of 0.96 between estimated and true expenditure.
The measurement duration in this study was relatively short because of the strictly controlled procedure as well as the fact that indirect calorimeter reaches steady state rapidly allowing short task durations. On the other hand, indirect calorimeter is uncomfortable in long measurements. A limitation in our study is that the same data were used for developing the algorithms and assessing their performance. To minimize the bias we used leave-one-out cross-validation in the performance estimation. Still, this may cause some positive bias to the results.
V. CONCLUSION
The PWM concept was designed to promote personal wellness management by providing information on 24-hour physical activity profile, and especially sleep and healthenhancing physical activity. Continuous, unobtrusive measurement from the wrist allows unique long-term continuous follow-up of activity patterns and sleep. Feedback on the wrist device enables the user to assess his/her behavior related to recommendations of, e.g., health-enhancing physical activity or sleep duration. Wearing the device also reminds the user constantly of the importance of healthy choices. We believe that the concept is suitable for promoting healthy lifestyles and preventing lifestyle related health problems.
